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Protein-protein interactions play an important role in various biological processes. Interaction among proteins
has a wide range of applications. Therefore, the correct identification of protein-protein interactions sites is
crucial. In this paper, we propose a novel predictor for protein—protein interactions sites, AGF-PPIS, where we
utilize a multi-head self-attention mechanism (introducing a graph structure), graph convolutional network, and

feed-forward neural network. We use the Euclidean distance between each protein residue to generate the
corresponding protein graph as the input of AGF-PPIS. On the independent test dataset Test 60, AGF-PPIS
achieves superior performance over comparative methods in terms of seven different evaluation metrics (ACC,
precision, recall, F1-score, MCC, AUROC, AUPRC), which fully demonstrates the validity and superiority of the
proposed AGF-PPIS model. The source codes and the steps for usage of AGF-PPIS are available at https://github.

com/fxh1001/AGF-PPIS.

1. Introduction

Protein-protein interactions (PPIs) play crucial roles in cellular
processes and determine the outcome of most cellular processes[1].
Understanding protein interactions can aid in the understanding of their
molecular functions and their association with different biological pro-
cesses[2-5]. PPIs are generally defined as physical contacts between
proteins for molecular docking[6]. Identifying physical residues that
touch each other in protein complexes helps to build protein-protein
interaction networks[7], which contributes to elucidating the physio-
logical mechanism of disease onset and thus can help to achieve effective
diagnostic and therapeutic strategies[8]. The two most widely used
methods for measuring PPIs are the binary and the co-complex methods
[9], but they are time-consuming and expensive, and the process is
relatively complicated[1]. Therefore, it is necessary to develop conve-
nient PPIs site prediction methods.

At present, there are two main types of PPIs site prediction methods
that are widely used: one is based on protein sequence, and the other is
based on structure[10,11]. The prediction of sequence-based PPIs sites
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must only obtain the corresponding protein sequence. For example, the
PPIs site predictor built by Sun et al. based on protein sequences using a
stacked deep auto-encoder achieved satisfactory prediction results
[12,13]. However, sequence-based predictors still have certain limita-
tions[14-17]. In contrast, protein structure-based predictors, which
incorporate the structural information of related proteins, can more
accurately infer the PPIs sites[18,19].

The predictors of PPIs are often built based on machine learning
technologies[20]. Many machine learning-based predictors are now
successful[21,22]. For example, LightGBM[23], SVM[24-27], RF
[28,29], XGBoost[30], and Naive Bayes[31] are used as predictive
classifiers for PPIs sites. Of course, deep learning and has shown excel-
lent performance in the prediction of PPIs sites[32]. For example, CNN
[33,34], LSTM[35,36], GCN[37], AE[38] and other deep learning al-
gorithms shine as classifiers for PPIs sites. However, to obtain better
predictors of PPIs sites, effective feature representation of proteins is
also essential[39]. Currently, feature representations extracted through
protein sequence alignment generally contain evolutionary information,
such as position-specific scoring matrices (PSSMs)[40-43] and hidden
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Fig. 1. The architecture of AGF-PPIS. Figure a represents feature extraction. Figure b represents the architecture of AGF-PPIS, where A= A + I, A is the adjacency
matrix, and I is the identity matrix. Figure c represents the detailed architecture of the basic modules that make up AGF-PPIS, where * represents matrix multi-
plication, ® represents Hadamard product, Mask represents the mask operation, and ¢ represents the summation operator.
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Markov model (HMM) profiles[44,45]. Similarly, the feature represen-
tation of protein structure information is crucial for improving the
prediction performance of PPIs sites, similar to the secondary structure
of proteins[44,46]. There is also the use of protein physicochemical
properties[47] and one hot encoding[48] of residues for feature repre-
sentation. Based on a variety of feature representations, there are now
many PPIs site predictors with good predictive effects. For example,
Zeng et al. combined protein local context and global sequence features
using a deep neural network to develop a predictor called DeepPPISP
[48]. Li et al. used high-scoring segment pairs (HSPs), position infor-
mation, and 3-mer amino acid embedding as three novel feature rep-
resentation methods for the first time and used CNN and RNN to build an
integrated model to develop the DELPHI predictor[49]. There is also the
MaSIF-site[ 50] predictor developed by Gainza et al. In addition, there is
the latest EDLMPPI[51] predictor developed by Hou et al., which ex-
tracts evolutionary information, physical and chemical properties and
other features from protein sequences and uses a bidirectional long-term
short-term memory network and capsule network to develop an
ensemble deep memory capsule network. With these efficient PPIs site
predictors, the prediction of PPIs sites becomes more convenient.

In the past few years, with the development of the application of
graph convolutional networks (GCNs)[52], new ideas have been incor-
porated into the construction of PPIs site predictors. The residue chain of
a protein can be regarded as a graph node, and the edges between each
graph node are defined by the distance between each residue to
construct the residue graph of the protein. GCN is used to capture the
information carried by adjacent residues and to better predict PPIs by
aggregating the information of adjacent residues[37]. Similarly, with
the rise of large language models, such as typical Transformer[53] and
BERT|[54], attention mechanisms have begun to gain popularity[55]. Of
course, we can add attention to improve the performance of the GCN.
For example, GATs[56] constructed by introducing additive attention
mechanisms have achieved new success in the prediction of PPIs sites
[57].

In this study, we applied the multi-head self-attention (MSA)
mechanism and GCN to build a predictor of PPIs sites (AGF-PPIS). For
the one-layer architecture of the model, we borrowed the architecture of
the transformer model and followed the MSA; however, due to the
construction of the protein’s graph structure, in order to better learn the
information of adjacent nodes and remove redundant information from
nonadjacent nodes, we introduced the residue graph structure of the
protein in the calculation of the MSA, that is, by only calculating the
MSA weight for a certain residue node and its adjacent residue nodes,
and for nonadjacent residues, we did not participate in the calculation of
attention weights. Then, GCN was used to further capture the feature
information of adjacent nodes. Finally, the obtained results were further
abstracted and learned using a feed-forward neural network (FFN) to
deepen the understanding of the model. This single-layer architecture is
stacked with multiple layers to obtain the final predictor AGF-PPIS. For
protein feature representation, we extracted protein sequence evolution
information, secondary structure information, atomic feature informa-
tion, pseudo position information of residues, and one hot encoding of
residues. At the same time, to alleviate the impact of uneven sample
distribution, we used focal loss[58,59] as the loss function of AGF-PPIS
for optimization. The architecture of the model is shown in Fig. 1.

2. Materials and methods

In this study, we transformed the prediction of PPIs sites into a graph
node classification problem, extracted corresponding node features for
each residue node, and finally determined the probability of whether
each residue node is a PPIs site.

2.1. Dataset

The dataset used for this experiment is that used by the AGAT-PPIS
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Table 1

The specific statistical details of the datasets.
Dataset Protein Interacting Noninteracting of interacting

chains residues residues residues (%)

Train_334 334 10,336 55,872 15.61
Test_60 60 2075 11,069 15.79
Test_280 280 8436 49,002 14.68
UBtest_25 25 711 5206 12.02

[57] Institute, consisting of the training dataset (Train_335) and the test
dataset (Test 60, Test_ 315 and UBtest_31). However, due to previous
experiments, the sequences of some of the proteins are inconsistent with
the sequences in the corresponding PDB files obtained on the PDB
website. Therefore, we removed these inconsistent protein sequences
from the dataset and finally obtained the training dataset (Train_334)
and test dataset (Test_60, Test_280, UBtest_25). The above Train_335
and Test_60 are from widely used public datasets Dset_186, Dset_72[60]
and Dset_ 164[61], which were filtered by six steps, and redundant
proteins with high sequence similarity or overlap were removed by
using BLASTClust[62]. Test_280 is another test dataset from GraphPPIS
[37] research, with the purpose of further verifying the generalization
ability of AGF-PPIS. UBtest_25 contains 25 unbound protein structures
corresponding to 25 proteins in Test_60 that have known monomeric
structures in PDB for evaluating the robustness of the model and the
impact of the conformational changes on model performance. The spe-
cific statistical details of the datasets mentioned above are shown in
Table 1.

2.2. Protein representation

In our work, each protein is represented as an undirected graph G =
(V, E, A), with V denoting residues, which is equivalent to the nodes in
the graph, E denoting the contacts of residues according to pairwise
distances, which is equivalent to the edges in the graph, and A is the
adjacency matrix of graph G.

2.2.1. Node features

To extract useful node features from protein sequences, we extracted
amino acid evolution information (PSSM, HMM), structural properties
(DSSP), atomic features, pseudo positional features, and one hot
encoding[63]. These features were then concatenated to finally form the
node feature matrix X, € R™®8, where n denotes the number of residues
in a protein and 88 indicates that we extracted an 88-dimensional node
feature vector.

Evolutionary information. In the experiment, we used PSSM and
HMM to represent the evolution information of residues. PSSM was
produced by running PSI-BLAST v2.10.1[64]. The HMM was produced
by running the HHblits v3.0.3[65] algorithm with default parameters.
Each amino acid corresponds to a PSSM, and the HMM extracts 20-
dimensional feature vectors. We then normalized the resulting PSSM
and HMM matrices using Equation (1), thus constraining the values in
both matrices to be between 0 and 1, where v is the input feature value,
and v, and v, are the minimum and maximum values of a certain
column of the input feature matrix.

YV — Vuin

(€8]

Viorm =
Vinax — Vmin
Secondary structure. For protein structural properties, we focused on
the secondary structure of the protein[66]. First, a 9-dimensional one
hot form feature vector was extracted from the secondary structure
state. Second, the two torsion angles PHI and PSI of the polypeptide
backbone were subjected to sin-cosine transformation to obtain a 4-
dimensional feature vector. Third, the solvent-accessible surface area
was converted into relative solvent accessibility to obtain a one-
dimensional feature vector. Finally, we obtained 14-dimensional
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feature vectors for the structure of the protein. These structural feature
vectors of proteins can be calculated by the DSSP algorithm[67], so this
group of feature vectors was named DSSP.

Atomic features (AF). We considered adding features regarding the
individual atoms (excluding hydrogen atoms) that make up the residue
into the node feature matrix X,. Thus, seven features of atoms were
extracted from the protein PDB file: whether it is in a ring and the van
der Waals radius of the atom, B-factor, whether it is a residue side-chain
atom, the number of hydrogen atoms bonded to it, electronic charge,
and atomic mass. Considering that the number of atoms constituting
each residue is not the same, we took the average of the seven atomic
features in the residue as the final atomic feature, as shown in Equation
(2). where {Ej;},_, ., ., denotes feature i of atom j in the residue,

N, denotes the number of atoms in a residue and {fi}izl_m , denotes

atomic feature i of the residue. After processing, seven-dimensional
atomic features were obtained for each residue.

fi=x 2 B @

Pseudo positional features (PPF). We used the centroid coordinates of
the side chains of the residues as the pseudo position information of the
residues and then calculated the Euclidean distance between the pseudo
position of each residue and the pseudo position of the reference resi-
dues. Finally, the obtained Euclidean distance value was divided by a
hyperparameter A to obtain a one-dimensional feature vector of each
residue’s pseudo position information. We took the first residue of the
protein as the reference residue and its pseudo position as the reference
P,s. The calculation step of the pseudo position feature PPF; of node i is
shown in Equation (3), where P; denotes the pseudo position informa-
tion of node i, Euc(P;, P,,r) denotes the Euclidean distance between the
pseudo position of node i and the reference position Py, and 1 is a
hyperparameter.

PPF; = %Euc (Pi, Prey) 3

One hot encoding (OHE). Since there are 26 English letters in total, we
used a 26-dimensional one hot encoding vector to encode the amino acid
type in the protein.

2.3. The architecture of AGF-PPIS

AGF-PPIS is stacked by multiple basic modules, each of which in-
cludes an MSA, a GCN and an FFN. Finally, a multilayer perceptron
(MLP) was used to convert the model output into predictions of PPIs.

2.3.1. Basic module

The basic module consists of an MSA, a GCN and an FFN, and
normalization and activation functions are added between layers to
make the model update the gradient more sufficiently and to prevent
gradient explosion or gradient disappearance.

MSA layer. We applied the MSA mechanism learned from the
transformer model to the protein graph and introduced the adjacency
matrix of the corresponding protein graph when calculating the atten-
tion weight. The calculation process is as follows:

0 = Xy W2 K = Xy WE, Vi = Xy WY i = 1,,m “
Z; = Attention (inKn Vi,zz)_

= Softmax(%) Vii=1,-,m

Multi — Head(Q,K, V) = [Z||..|| Zu |Wear (5)
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Xouw = Xin +Multi — Head(Q, K, V) )

where X;, represents the input of the MSA, Q, K, and V are obtained
by linear transformations of X;,, and m represents the number of heads
of MSA. Among them, A= A + I, A is the adjacency matrix of the protein
graph, and I is the identity matrix. ® indicates the Hadamard product.
Mask represents the mask operation; that is, the attention weight of
nonadjacent nodes is returned to 0. Z; represents the attention obtained
by each attention head. | | represents the concatenation operation. X,
represents the output of the MSA, and the result is obtained using the
fitting residual.

GCN layer. We then used the GCN to further aggregate the features
of adjacent nodes so that the model can learn more useful information
from adjacent nodes. The formula of the GCN is as follows:

~ Al 1
Zen =D "AD "XiyWen )
Xouw = Xin +Zgen ®

where X;, denotes the input of the GCN, A=A + I, A is the adjacency
matrix of the protein graph, I is the identity matrix, and D is the degree

matrix of A. 57%2137% normalizes the adjacency matrix A (joining the
self-loop). Wg,, is the convolution kernel of the GCN, which is a train-
able weight matrix. Zg,, is the result obtained after GCN. X,,, is the
output of the GCN, and the result is also obtained using the fitting
residual.

FFN layer. Finally, we used the FFN to further abstract and elucidate
the obtained results to deepen the understanding of the AGF-PPIS. The
formula of FFN is as follows:

Xouwt = Xin +6(Xas W)WV )

where X;, denotes the input of the FFN. ¢ represents the ReLU acti-
vation function. WY and WEM represent two debiased linear layer
weight matrices, which perform two linear transformations on the input
Xin- Xou is the output of the FFN, and the result is still obtained using the
fitting residual.

Normalization. In the basic module, we added a normalization
operation before the MSA, GCN, and FFN. The normalization operation
is as follows:

Xi—
Norm(x;) = il (10)
6’ —¢€
where x; represents a column in the node feature matrix X,. p is the
mean of x;, and 62 is the variance of x; . Set the value of € to the negative
6th power of ten to prevent the denominator from being zero.

2.3.2. MLP

We passed the model output to the MLP[68,69] layer to obtain the
probability of whether each residue is a PPIs site. Its calculation formula
is as follows:

Ypmb = Softmax (Xaut mip + b) (€N)

where X,,, represents the final output of the AGF-PPIS, W,,, is the
weight of the linear layer in the MLP, and b is the bias term. Y}, € R™*2,
where n is the number of residues in a protein. Y, has two columns,
which are the predicted probability of being a PPIs site and not a PPIs
site.

2.3.3. Focal loss

From Table 1, the distribution of samples in the dataset is very un-
balanced. To alleviate the impact of this imbalance, we used focal loss as
the loss function. Focal loss alleviates the sample distribution imbalance
by assigning higher weights to difficult-to-learn samples and lower
weights to easy-to-learn samples. The formula of focal loss is as follows:
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—(1—a)(1—p)'log(p)ify = 1

—ap’log(1 — p)ify =0 a2

Zn={

where y represents the true label of the sample. p is the probability
that the model correctly predicts the sample label. @ is the weight co-
efficient used to balance the influence of uneven sample distribution,
which is a hyperparameter and participates in hyperparameter optimi-
zation. y is also a hyperparameter, which is used to give smaller losses to
samples that are easy to predict and greater losses to samples that are
difficult to predict so that the model can focus on samples that are
difficult to predict. Based on experience, we set it to 2.

2.4. Evaluation metrics

In the experiments, we used seven indicators, including the area
under the precision-recall curve (AUPRC), area under the receiver
operating characteristic curve (AUROC), accuracy (ACC), precision,
recall, Fl-score (F1) and Matthews-correlation coefficient (MCC), to
evaluate our model. The calculation formulas of the evaluation metrics
are as follows:

ACC = N CEp 2
Precision = % a4
Recall = TPZ-—PFN 1s)
F1—Score:2x% (16)
MCC - TP x TN — FN x FP a7

/(TP - FP) x (TP + FN) x (TN + FP) x (IN + FN)

where TP: true positive, TN: true negative, FP: false-positive and FN:
false-negative. However, we only used AUPRC and AUROC for hyper-
parameter optimization because AUPRC and AUROC can fully reflect the
model performance.

3. Experiment and discussions

In the experiment, we used AUROC and AUPRC as indicators to select
hyperparameters. These two evaluation indicators can not only
comprehensively evaluate the performance of the model but also do not
need to select the threshold, so they save a certain amount of calculation
and calculation time. The hyperparameters we selected are as follows.
The adjacency matrix of the protein graph was generated by the
Euclidean distance map between protein residues according to the dis-
tance threshold (the value is 1 when it is larger than or equal to the
threshold value, and the value is O when it is smaller than the threshold
value); this threshold value is 14 A. For the pseudo position feature, the

parameter A was selected as 15 A. In focal loss, the value of the weight a
was selected as 0.9, and the value of y was 2. For the model parameters,
we chose the number of basic modules to be 12, and the number of
neurons of a single hidden layer in the model is 256. Additionally, the
number of neurons in the middle-hidden layer in the FFN was 516. The
head number m of MSA was 6. For the learning rate, we used a
decreasing mechanism, and the initial learning rate was 0.001. If the
AUPRC indicator on the verification set did not increase in 10 iterations,
we reduced the learning rate to 0.6 times and set the minimum learning
rate to 10°°. To prevent overfitting, we set the probability of dropout to
0.1. Finally, we set the maximum number of epochs during training to
80.
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Table 2
The performance results of each feature ablation on the verification dataset and
Test_60.

Feature Validation set Validation set Test_60 Test_60
AUROC AUPRC AUROC AUPRC
PSSM 0.835 0.508 0.849 0.538
(ED)
HMM 0.850 0.560 0.855 0.557
(ED)
DSSP 0.832 0.55 0.823 0.505
(sS)
AF 0.798 0.418 0.806 0.472
PPF 0.847 0.549 0.856 0.553
OHE 0.860 0.570 0.849 0.570
ALL 0.865 0.588 0.870 0.599

3.1. Ablation experiment

We conducted ablation experiments on features and model archi-
tectures separately to evaluate the contribution of each feature and each
model architecture.

3.1.1. Feature ablation

According to the hyperparameter settings mentioned above, we first
conducted feature ablation experiments. In the experiment, we used five
features of proteins: evolutionary information (PSSM, HMM), secondary
structure (DSSP), AF, PPF, and OHE. Fivefold cross-validation is used to
train and ablate these five features in turn. The performance results of
each ablation on the verification dataset and the independent test
dataset Test_60 are shown in Table 2. Here, we used two indicators,
AUROC and AUPRC, for evaluation. For the values of AUROC and
AUPRC, we chose the maximum value of the model on the validation
datasets and Test_60 instead of the average value. From Table 2, when
any feature is removed, the predictive power of the trained model on the
verification dataset and the independent test dataset Test_60 is reduced,
which shows that each feature plays a certain role and that there is no
feature redundancy. Similarly, we also found that when the AF was
removed, the AUROC value of the model on the validation dataset was
0.798, the AUPRC value was 0.418, the AUROC value on Test_60 was
0.806, and the AUPRC value was 0.472. The model achieved the lowest
values of both AUROC and AUOPRC on the validation dataset and
Test_60. We can see that the AF has an enormous impact on the learning
ability of the model and gives more critical suggestions for the decision-
making of the model. In contrast, we can also see that the model trained
when removing the OHE feature, compared with other models for
feature ablation, has the largest AUROC value and AUPRC value on the
verification dataset, which are 0.860 and 0.570, respectively. On
Test_60, the AUPRC value reaches the maximum value of 0.570. We can
see that the OHE feature has the least influence on the performance of
the model and is less important than other features.

Note: ALL (AGF-PPIS) represents the use of all features, that is, the
performance of AGF-PPIS. Bold fonts indicate the best results, which is
true in the following tables.

To evaluate the importance of features more comprehensively, we
counted the values of AUROC and AUPRC of the optimal model for each
fold in the 5-fold cross-validation in the feature ablation experiment on
the validation dataset and the independent test dataset Test_60. Then,
we added the AUROC and AUPRC of each fold and divided it by 2 (that
is, average it) as the comprehensive evaluation indicator (AVG_Metric)
of each fold. We drew radar charts of the AVG_Metric value on the
validation dataset and Test_60, as shown in Fig. 2. To clearly represent
the changes in AVG_Metric in each fold of cross-validation, we per-
formed normalization. From Fig. 2, after removing the AF, AVG_Metric
is the smallest on the verification data set in each fold cross-validation.
On Test 60, after removing the AF, although the value of the cross-
validation AVG_Metric per fold is not the smallest as on the
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Fig. 2. The 5-fold cross-validation on the AVG_Metric value on the validation dataset (A) and Test_60 (B), where AVG_Metric = AUROCLAUPRC,

Table 3
The predictive power of the model trained using two OHE methods on Test_60.
Validation set Validation set Test_60 Test_60
AUROC AUPRC AUROC AUPRC
OHE 0.852 0.540 0.854 0.567
(20)
OHE 0.865 0.588 0.870 0.599
(26)
Table 4

The performance results of each model ablation on the verification dataset and
Test_60.

Model Validation set Validation set Test_60 Test_60
ablation AUROC AUPRC AUROC AUPRC
GCN 0.844 0.545 0.855 0.544
FFN 0.848 0.557 0.854 0.548
Attn 0.864 0.566 0.854 0.56
ALL 0.865 0.588 0.870 0.599

verification dataset, the area enclosed by the AVG_Metric value obtained
by each fold cross-validation is the smallest. Through Table 2 and Fig. 2
obtained from the ablation experiments of each feature, we found that
the feature importance from high to low is AF > secondary structure
(DSSP) > PSSM (evolutionary information) > PPF > HMM (evolutionary
information) > OHE.

Similarly, for OHE features, we created 26-dimensional feature
vectors based on the number of English letters instead of using the main
twenty amino acids that make up proteins to create 20-dimensional

feature vectors as in most other articles. We focused on the compari-
son of the contribution of these two OHE methods to the performance of
this experimental model. When all parameters and feature encodings are
the same, the performance of the model trained using two OHE methods
on validation dataset and Test_60 is shown in Table 3. We also used
AUROC and AUPRC for evaluation. From Table 3, whether on the
validation dataset or Test_ 60, the 26-dimensional encoding method
shows better AUROC and AUPRC than the 20-dimensional encoding
method, so in this experiment, we used the 26-dimensional encoding
method to extract the OHE feature of the protein.

Note: OHE (20) represents the performance of a model that uses 20
amino acids to extract features, and OHE (26) is the OHE method used
by AGF-PIPIS.

3.1.2. Model ablation

The model architecture used in this experiment is shown in Chapter
2.3. The model we proposed (AGF_PPIS) is stacked by multiple basic
modules. However, the basic modules include three basic architectures:
the MSA that introduces the graph structure, the GCN and the FFN.
These three basic architectures are the key to forming AGF_PPIS, so we
first conduct ablation experiments on these three architectures. We also
used two indicators, AUROC and AUPRC, for evaluation. The three basic
architectures were removed from the model in turn. The predictive
power of the trained models on the validation dataset and Test_60 is
shown in Table 4. From Table 4, we can see that every time an archi-
tecture is eliminated, the predictive power of the model will decrease on
the validation dataset and Test_60, which shows that each architecture is
crucial. We can also see that when the GCN architecture is eliminated,
the model’s AUROC on the validation dataset dropped by 2.1 % and the
AUPRC dropped by 4.3 %. On Test_60, the model’s AUROC dropped by
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Fig. 3. The AUROC (A) and AUPRC (B) values of the optimal model at each fold in the 5-fold cross-validation on the validation dataset and Test_60.
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Table 5
Comparison of the predictive power of the model trained with the Transformer’s
global attention mechanism and AGF-PPIS on Test_60.

Validation set Validation set Test_60 Test_60
AUROC AUPRC AUROC AUPRC
Attn 0.858 0.561 0.854 0.567
(Global)-
Model
AGF-PPIS 0.865 0.588 0.870 0.599

1.5 %, and the AUPRC dropped by 5.5 %. After eliminating the FFN, the
model’s AUROC (-1.7 %) and AUPRC (-3.1 %) on the validation dataset
and AUROC (-1.6 %) and AUPRC (-5.1) on Test_60. After removing MSA,
the model’s AUROC (-0.1 %) and AUPRC (-2.2 %) on the validation
dataset and AUROC (-1.6 %) and AUPRC (-3.9 %) on Test_60. From the
results, we can see that when the GCN is eliminated, the predictive
power of the model is greatly affected, regardless of whether it has the
worst comprehensive performance on the verification dataset or
Test_60. It can be concluded that the GCN is the most critical architec-
ture of AGF-PPIS. In contrast, we can also see that the MSA has the least
impact on the predictive power of the model.

Note that ALL (AGF-PPIS) represents the use of all architectures.

To comprehensively evaluate the importance of each architecture in
AGF-PPIS, as in the feature ablation experiment, we counted the AUROC
and AUPRC values of the optimal model at each fold in the 5-fold cross-
validation and drew a box plot, as shown in Fig. 3. From Fig. 3, we can
see more clearly that for the indicator AUPRC, when the GCN is
removed, on the validation dataset, the model has the lowest average
value of AUPRC and the lowest outlier. On Test_60, the AUPRC mean
values between the models without GCN and the models without FFN
are similar, but the model without GCN has the lowest outliers. Simi-
larly, it can be clearly seen that, whether on the validation dataset or
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Test 60, the model that removes the MSA has the highest average
AUPRC value in the 5-fold cross-validation. For the results for the
AUROC indicator, on the validation dataset, similar to the AUPRC in-
dicator, the model that removes the GCN has the smallest AUROC mean,
and the model that removes the MSA has the largest AUROC mean.
However, on Test_60, the model removing the FFN gives the lowest
mean AUROC, the model removing the GCN gives the largest mean
AUROC, and the model removing the MSA is in the middle. Although the
model without the GCN gave the largest mean AUROC, it had the
smallest outliers. Taken together, the GCN has the greatest impact on the
model, followed by the FFN, and the MSA has the least impact on the
model. However, we can see from Fig. 3 that each architecture plays an
important role. For Test_60, the MSA also plays an important role.

The MSA mechanism used in this experiment introduces a graph
structure, which is different from the MSA in Transformer. To verify that
the introduced graph structure could enlarge the predictive power of the
model, we also conducted a comparative experiment. Using the global
MSA mechanism in the transformer, the other parameters and model
architecture remained unchanged, and the model was retrained. The
performance comparison with AGF-PPIS on validation dataset and
Test_60 is shown in Table 5. Whether on the validation dataset or
Test_60, the MSA mechanism introduced with the graph structure per-
forms better in both AUROC and AUPRC, so the MSA mechanism with
the graph structure is more beneficial to enlarge the predictive power of
this experimental model (AGF-PPIS). At the same time, we chose a
specific example, select a protein (PDB ID: 4E6N, chain: B), and we
visualized the prediction results of the two models for this protein, as
shown in Fig. 4. The false-positive (FP) samples predicted by the MSA
mechanism model introduced into the graph structure (AGF-PPIS) are
significantly reduced, and the predicted true positive (TP) samples also
increased. We can see that the MSA mechanism introduced into the
graph structure can indeed reduce the false-positive rate of prediction.

Fig. 4. (PDB ID: 4E6N, chain B) of PPIs site predictions by Attn (Global)-Model (A) and AGF-PPIS (B). Green: true positives, yellow: false-positives and red: false-
negatives. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 6
Performance comparison of models trained with cross-entropy loss and models
trained with focal loss (AGF-PPIS) on the validation dataset and Test_60.

Validation set Validation set Test_60 Test_60
AUROC AUPRC AUROC AUPRC
Cross- 0.854 0.556 0.861 0.559
Entropy
Loss
Focal Loss 0.865 0.588 0.870 0.599

To alleviate the influence of uneven sample distribution, we used
focal loss as the loss function of model training. We also conducted
comparative experiments. We used the cross-entropy loss function to
retrain the model and compared it with the original model on the
verification dataset and Test_60. The results are shown in Table 6. From
Table 6, whether on the verification dataset or Test_60, focal loss makes
the model perform better than the cross-entropy loss function, indicating
that focal loss alleviates the impact of sample imbalance to a certain
extent. Similarly, we selected a specific protein sample (PDB ID: 1QA9,
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chain: A) to visualize the prediction results of these two models trained
with different loss functions, as shown in Fig. 5. The sequence length of
this protein sample was 102, there were 19 PPIs sites, and the sample
distribution was quite uneven. We focused on the predicted false-
positive rate (FP). From Fig. 5b, the false-positive rate of the model
using the cross-entropy loss is very high, covering almost all non-true
positive (TP) residues. Compared with Fig. 5a, the model trained with
focal loss has a dramatic reduction in the predicted false-positive rate.
We can see that focal loss can indeed slow the impact of sample
imbalance to a certain extent so that the model can learn in the right
direction.

3.1.3. Predictive power comparison with other methods

We comprehensively compared AGF-PPIS with existing PPIs site
predictors (DELPHI[49], DeepPPISP[48], SPPIDER|[18], MaSIF-site[27],
GraphPPIS[37], AGAT-PPIS[57]) on an independent test dataset
Test_60, as shown in Table 7. Our AGF-PPIS model exceeds the existing
optimal PPIs site predictors in all seven evaluation indicators of ACC
(+0.4 %), precision (+1.2 %), recall (+1.7 %), F1-score (+1.5 %), MCC

Fig. 5. (PDB ID:1QA9, chain A) of PPIs site predictions by the cross-entropy loss Model (A) and focal loss model (AGF-PPIS) (B). Green: true positives, yellow: false-
positives and red: false-negatives. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 7

Comprehensively compared AGF-PPIS with existing PPIs site predictors on Test_60.
Predictor ACC Precision Recall F1-Score MCC AUROC AUPRC
DELPHI[49] 0.697 0.276 0.568 0.372 0.225 0.699 0.319
DeepPPISP|[48] 0.657 0.243 0.539 0.335 0.167 0.653 0.276
SPPIDER|[18] 0.752 0.331 0.557 0.415 0.285 0.755 0.373
MaSIF-site[50] 0.780 0.370 0.561 0.446 0.326 0.775 0.439
GraphPPIS[37] 0.776 0.368 0.584 0.451 0.333 0.786 0.429
AGAT-PPIS[57] 0.856 0.539 0.603 0.569 0.484 0.867 0.574
AGF-PPIS 0.860 0.551 0.620 0.584 0.501 0.870 0.599
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Table 8
Predictive power comparison of AGF-PPIS and other predictors on Test_280 and
UBtest_25.

Test_280 Btest_25 Ubtest_25

MCC AUPRC MCC AUPRC MCC AUPRC
SPPIDER[18] 0.294 0.376 0.240 0.315 0.222 0.260
MaSIF-site[50] 0.304 0.372 0.217 0.299 0.141 0.225
GraphPPIS[37] 0.349 0.423 0.352 0.394 0.313 0.339
AGAT-PPIS|57] 0.481 0.572 0.485 0.583 0.327 0.365
AGF-PPIS 0.484 0.565 0.518 0.604 0.339 0.370

(1.7 %), AUROC (+0.3 %), and AUPRC (+2.5 %). To further evaluate the
generalization ability and robustness of the model, we compared AGF-
PPIS with other predictors on another test set, Test 280 and UBt-
est_25, and the results are shown in Table 8. We can see that on the test
set Test_280, AGF-PPIS shows the best MCC, but AUPRC is slightly lower
than the predictor AGAT-PPIS. However, AGF-PPIS performed optimally
on both MCC and AUPRC on the UBtest 25 and Btest_25 datasets.
Overall, AGF-PPIS is currently the model with the best predictive power.
Of course, there is still room for improvement in its generalization
ability.

Note: The results of other methods come from the paper AGAT-PPIS
[33].

Note: Test_280 further verifies the generalization ability of the AGF-
PPIS. Btest_31 represents the 31 bound structures in Test_60.

4. Conclusions

In this study, a novel site predictor of PPIs, AGF-PPIS, was proposed
(https://github.com/fxh1001/AGF-PPIS). We constructed this site pre-
dictor using an MSA mechanism, GCN and FFN. We introduced the
graph structure into the process of solving attention weights to better
capture the association between nodes and their neighbors. At the same
time, we added a FFN to strengthen the learning and understanding
ability of the entire network. In the end, AGF-PPIS performed optimally
on Test_ 60 and the test set UBtest 25, and AGF-PPIS is the current
optimal model with strong robustness. However, according to the per-
formance of the test set Test_280, the generalization ability of AGF-PPIS
can be further improved. Similarly, based on algorithm improvements
and sampling methods, the impact of sample imbalance can be further
mitigated. Data enhancement techniques and adversarial training can
also be introduced to further improve the robustness and generalization
capabilities of AGF-PPIS. Of course, the structure of AGF-PPIS can also
be used to predict the interaction sites of proteins and other ligands,
such as peptides and drugs, thereby enhancing the versatility of AGF-
PPIS.
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